Abstract-A decentralized nonlinear model and controller is proposed to stabilize the interconnected small-scale islanded dc grids in the presence of renewable energy sources with proven stability in this paper. The dc interconnected network comprises dc sources along with resistive and constant-power loads (CPLs). Though the dc sources are photovoltaic (PV) in this paper, the proposed controller can be applied to other types of lowinertia intermittent sources as well. All sources and/or CPL loads are connected to the grid through simple dc-dc converters (DDCs) to avoid power electronic complexities. The negativeresistance CPLs can destabilize the grid in the presence of the DDC dynamical components. The decentralized nonlinear output-feedback controller mitigates rapid voltage and power oscillations caused by the disturbances and measurement noises, and stabilizes the grid. Since the proposed output-feedback controller needs only partial knowledge of the local converter states, the number of measure points reduces leading to a simple implementation. Simulation results on a small-scale dc grid are provided to show the performance of the proposed controller.
Stability of the Small-Scale Interconnected DC Grids via Output-Feedback Control I. INTRODUCTION D ISTRIBUTED energy resources (DERs) are increasingly used to enhance grid reliability, flexibility, and achieve low distribution losses. Many DERs are connected to the dc grids through dc-dc converters (DDCs). AC distribution systems involve an additional cost due to the ac-dc conversion needed to operate dc components. The dc distribution system is an alternative [1] [2] [3] [4] [5] [6] that exploits only one voltage conversion mechanism (i.e., dc-dc conversion) between the components and the grid.
In an interconnected dc grid in general, and in smallscale grid in specific, stability is an important matter to address. While significant advances are developed for ac grids stability over decades, stability of dc small-scale and large grids still require great attention. The existence of constantpower loads (CPLs) in addition to dynamical elements such as DDCs' capacitors and inductors in the dc network reduces grid stability margins [2] [3] [4] [5] [6] [7] [8] . In small-scale grids, disturbances including faults, source power fluctuations, and load changes affect the entire system more severely than in larger grids due to the low inertia of the system. The intermittent renewable energy sources render the stability of the (dc and ac) smallscale grids even more challenging. The negative resistance of the CPLs is potentially destabilizing in the dc grids. In particular, in low-inertia grids where only a small error margin between generation and consumption can be tolerated, CPLs can be even more problematic if the total installed load is near the generation capacity. The inertia of the grid reflects the stored energy in the predominantly passive components such as capacitors and inductors. While increasing the size of the passive components can improve stability in the dc grid, practical limitations on the components' sizes are barriers and fast performance of the network is adversely affected due to greater settling times.
In order to ensure a well stabilized dc grid, load and source impedance "reshaping" have been proposed in [2] [3] [4] [5] to improve the stability margins. However, the stability is studied and proven only for small variations around an operating point by employing small signal analysis. References [6] [7] [8] [9] [10] studied the stability of the dc grid using nonlinear decentralized stabilization techniques and considered large-signal analysis; however, the interconnected nature of the dc grids and the effect of the grid's variable voltage on individual subsystems are not taken into account. The cases of multiload systems are studied in [11] and [12] where a stabilizing controller is employed for each load. However, the method relies on a constant-voltage dc bus and does not consider the dynamics of the DERs that occur in practical implementations of islanded networks. In addition, the method presented in [11] has centralized structure that necessitates obtaining the state variables of the entire small-scale grid.
In [13] , an adaptive backstepping approach is employed to control a microgrid that feeds resistive and constant-power loads. Efficiency of the proposed scheme is compared to a linear quadratic Gaussian (LQG) controller that uses the Kalman filter to estimate states of the system. The adaptive backstepping companied with the power estimation shows better performance in comparison with the LQG method while large-signal stability of the system is assured through the Lyapunov control function. In [14] , the LQG method is used 2168-6777 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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to control DG units that are connected to a common dc bus. The method uses local measurements and includes two parts: an extended Kalman filter and a linear quadratic regulator. The CPL current is considered as virtual disturbance where the control system responds to the aggregated demand and disturbance. The efficiency of the mechanism is verified using hardware-in-the-loop for the proposed microgrid environment. In [15] , the bus voltage is the only measured signal and the Kalman filter is utilized to estimate the other states in an effort to reduce the number of measurements. Then, an adaptive backstepping mechanism is employed along with all the states to control the converters in the microgrid. The study shows that convergence speed of the Kalman filter adversely affects efficiency of the controller. Thus, the adaptive backstepping with power estimation is suggested and shown to outperform due to the nonlinear model used in the controller design. While the works of [13] [14] [15] show satisfactory results by using voltage with/without current measurements, the works employ a specific microgrid architecture where all the sources and loads interact through a common dc bus. By contrast, the proposed work aims at employing voltage measurement and an arbitrary interconnected network topology with guaranteed stability.
In [16] , a case study on a medium voltage dc (MVDC) system in centralized and decentralized structures is conducted and LQG and synergetic control approaches are employed. The Kalman filter is used to estimate the load current. It is shown through the simulation results that the decentralized approaches are less affected by load variations, while both of the approaches attain stability of the example system. In [17] and [18] , linearization through state feedback is applied to stabilize an MVDC grid that feeds CPLs and resistive loads. The complex multiconverter dc system is presented as a second-order nonlinear model. Then, it is linearized via state feedback so that the conventional linear control methods are applicable to achieve a satisfying pole placement. In addition, appropriate filter is designed for the system and the efficiency is verified through sensitivity analysis. Even though the instability associated with the negative resistance of the CPLs is addressed and only voltage measurement is utilized, the methodology is proposed for a particular dc grid with a common dc bus.
In interconnected grids where several loads and generation units interact, decentralized control [19] , [20] is usually preferred since it reduces the amount of information exchange between subsystems, required computing capacity, and time delays. Nonlinear decentralized control strategies achieve transient stability and steady-state requirements only based on local measurements and have larger stability margins as opposed to their linear counterparts.
Majority of the available nonlinear decentralized control schemes are developed for continuous-time systems (see [21] , [22] and references therein, for instance.) The discrete-time model, however, is preferred for computer implementation [23] [24] [25] [26] for it takes the discrete-time nature of the digital controller into account and avoids instability due to discretization [24] . Kazemlou and Mehraeen [26] have proposed a decentralized state-feedback controller for dc small-scale grids in their past work, where they developed a nonlinear model of the DDCs. However, they ignored the dynamics of the CPLs, and assumed all converter states to be measurable.
By contrast, this paper aims at two tasks. First, a decentralized nonlinear model of the dc grid is proposed where dynamics of both dc sources and CPLs are considered. Thus, no grid constant voltage and no centralized data collection mechanism are assumed. Second, a converter decentralized output-feedback controller is proposed, to reduce the number of measurements and to simplify the implementation, for the interconnected dc grid in discrete time with proven stability. The output-feedback controller was initially proposed by Mehraeen et al. [25] ; however, the controller stability analysis was not provided in full details. The dc grid interconnects distributed energy resources, CPLs, and resistive loads. Adaptive neural networks (NNs) are employed to overcome the unknown dynamics of the DDCs at DERs and CPLs and to stabilize the entire grid. The adaptive NN approximates the nonlinear dynamics of the source and CPL converters, both in the controllers and in the adaptive observers. The approximation property of the NNs can effectively replace the unknown dynamics of each converter and those of the interconnected network imposed on the converter. The NNs are adaptively trained through online learning where there is no need for training data ahead of time. The training process utilizes the output voltage of the individual converters and through the update laws, updates the NN weight matrix for the next discrete-time step. That is, the NNs are not trained before implementation and are updated as the system responds to voltage variations, as opposed to the traditional offline learnings that require training data and a training process ahead of time. This will make the adaptive NN controllers a powerful choice when dealing with unknown system dynamics Here, the photovoltaic (PV) arrays are employed as DERs and their nonlinear characteristics are taken into account. Also, CPLs are controlled by DDCs. Both the DERs and CPLs are controlled by the proposed decentralized controllers. Through the Lyapunov stability method, the stability of all the DDCs output voltages in the dc small-scale grid is proven using only DDC output voltage measurements (output feedback). In implementing the proposed local controllers, unobservable states, also known as zero-states, appear in the DDC control. These states are also shown to be stable in this paper.
The rest of this paper is organized as follows. In the following section, the dc grid topology is presented. In Section III, nonlinear discrete-time decentralized model of PV DER is developed followed by the CPL model development in Section IV. Simulation results on a low-voltage small-scale dc grid are shown in Section V followed by the concluding remarks in Section VI. The stability analysis is provided in the Appendix.
II. INTERCONNECTED DC GRID
Though the proposed modeling and controller design can be applied to a variety of DERs and grid sizes, the PV source is selected to address low-inertia dc power source in the smallscale dc networks. Fig. 1 shows the interconnected dc grid comprising N buses, including n DER and CPL buses and N-n resistive load buses. Each DER is a PV source connected to a DDC, as depicted in Fig. 2 . Loads are two types, CPLs and resistive loads. CPLs are connected to the network through the DDCs whereas resistive loads are connected to the network, directly. The term "subsystem" is used and refers to individual DDCs here to emphasize that only local measurements can be obtained to control the converters. The buck converter in continuous-current mode operation is considered in this paper for its wider control range and superiority over boost converters in grid stability enhancement [26] [27] [28] . Although small-scale dc grids can operate under low and medium voltages, forward converter topology can be utilized to raise the voltage level if needed.
Remark 1: The transient stability addressed in this paper is a short-term stability analysis and must not be confused with the longer-term dynamics caused by the maximum power point trackers (MPPTs) and daily load changes. Rather, the proposed study considers faults and disturbances that can cause rapid dc voltage fluctuations, which can adversely affect the PV power generation, and could potentially lead to the entire network instability. Thus, the slow dynamics of MPPT are ignored. In addition, it is an objective here to provide the dc grid stability by employing a control-theoretic approach through simple single-stage converters in order to avoid power electronic hardware complexities.
The goal is to design controllers to stabilize the output voltages of the buck converters that will be shown to be nonlinear and unknown dynamical systems in nature, with "minimum number of local measurements" (unlike [26] ) through duty cycle control, in the dc grid and in the presence of disturbances. Thus, a nonlinear decentralized output-feedback NN-based adaptive controller is sought here. The proposed controller employs an observer to estimate the unmeasured local states. Section III and IV introduce the DDC model developments for sources (DERs) and CPLs followed by the controller design in Section V.
III. DC SOURCE NONLINEAR MODEL
A discrete-time model for the buck converter of Fig. 2 can be presented [26] in input-output canonical form. Figs. 2 and 3 represent the i th subsystem of the dc grid of Fig. 1 , which is a buck converter interfacing either a PV unit or a CPL with the dc grid. The subsystem's state variables are the converter input and output capacitor voltages v in,i and v out,i , as well as inductor current i L ,i ; however, only output voltage v out,i is measured in the proposed model as opposed to that in [26] . The discrete-time dynamical equations for the i th PV-type DER at time step kT can be shown in [26] 
Here, 1 ≤ i ≤ n 1 represents the subsystem (DDC) number with n 1 the total number of DERs, and T and d i are the converter switching period and duty cycle, respectively. Also, L i , C in,i and C out,i , are the converter inductance, input capacitance, and output capacitance, respectively, and injected current i in,i is a function of PV voltage. Finally, k is the discrete step (k ∈ Z + ). The state error vector can be considered as
T and x o,i the steady-state vector. Also, converter input and output current errors
The controller aims at making the converter output voltage error zero by synthesizing an additional duty cycled i (k) to the steady-state duty cycle
Thus, the converter output voltage is stabilized around its reference value in the presence of the grid disturbances.
Remark 2: It is assumed that the converter duty cycle reference is given by a secondary controller such as MPPT. Since the time range of the faster dynamics is around a couple of seconds, it is assumed that MPPT set point d o,i is constant (see Remark 1.) System representations (1) cannot be easily converted to closed-form relationships and thus include unavailable functions. Also,ī out,i (k) is a function of the entire grid's state errors and is not available at converter "i " location. Nevertheless, system (1) state-space equations can be rewritten in the general decentralized canonical form following an approach used in [26] as:
for 1 ≤ i ≤ n 1 with m = 2 where Here, dynamics (2) are represented in general order m with m = 2 for buck DDC as a special case. Also, in (2), 
and is called the interconnection term [29] that is a function of all the converters' states including the DERs and CPLs. DER state errors ξ i (for 1 ≤ i ≤ n 1 ) are introduced in (3) while CPL state errors ξ i (for n 1 < i ≤ n) will be explained in the following section.
IV. CONSTANT-POWER LOAD MODEL
Two types of loads are considered in this paper. Resistive loads employ constant resistances that are directly connected to the grid. CPLs are connected to the dc grid through dc-dc buck converter, as depicted in Fig. 3 . Load (resistor) voltage is regulated such that its absorbed power remains constant in the presence of the input dc voltage fluctuations. For CPL, dynamics of the power converters are explicitly taken into account in contrast with [26] . In this section, the dynamical model of such loads is derived in the decentralized control framework.
Here, the CPL DDC is considered as a subsystem and a modeling similar to the source-connected DDC (developed in Section III) is aimed so that decentralized control strategy can be applied to both.
Remark 3: Equation (1) can be repeated for the converter of Fig. 3 and converted to the form of (2) 
T around the steady-state operating point. The current through resistance R L ,i isī out,i = v out,i /R L ,i . Thus, the error dynamics of the subsystem can be represented as
where υ 1,i (·), υ 2,i (·), υ 3,i (·) , and κ i (·) are unknown functions of the converter states and duty cycle. Similar to the DER dynamics described earlier, CPL converter dynamics (4) can be converted to decentralized canonical form as
where 
Remark 4: New representations (2) and (5) are of order two as opposed to three in (1), and thus each DER or CPL converter has an internal dynamic or zero dynamic [29] . The stability of this unobservable state needs to be assured for an overall stable converter. In the proposed DER and CPL models,v in,i (k) is taken as the subsystem zero dynamic. Also, while the interconnection term explicitly appears in DER dynamics (2) it does not appear in CPL dynamics (5) . It rather exists in the zero dynamic of CPL and will be discussed later.
So far, both DER and CPL elements are modeled in the decentralized canonical forms. In the following section, the proposed decentralized output-feedback controller is discussed.
V. OUTPUT-FEEDBACK CONTROLLER DESIGN
In this section, the decentralized output-feedback controller is developed and applied to system model (2) , that also describes model (5) with i = 0, using partial knowledge of subsystem states and dynamics. Thus, system model (2) is used to refer to both DER and CPL subsystems in the rest of this paper. It is desired to design a controller that stabilizes output voltage error ξ(k) at the origin (ξ = 0.) It is conventional to consider a desired target value (trajectory) for ξ(k) and tracking error z p,i (k) in a more general representation as
(for 1 ≤ i ≤ n, n = n 1 + n 2 , and 1
and that for DDCs (2) and (5), ξ pd,i (k) = 0 and m = 2. Only the subsystem output voltages (ξ 1,i for all 1 ≤ i ≤ n) are considered available and thus an observer is required to estimate unmeasured subsystem states. Two assumptions and one definition are presented before beginning the controller design.
Assumption 1: Functions g i (x i (k)) in the small-scale grid are bounded and away from zero. That is
where g i,min and g i,max are positive constants. This assumption is a realistic assumption in the dc small-scale grid [26] .
Assumption 2 [30]:
The interconnection terms are bounded by a function of the entire grid states such that 
can be assumed [29] for dc small-scale grids where δ i j is the positive function while δ 0i and γ i j are positive constants for 1 ≤ i ≤ n and 1 ≤ j ≤ m.
A. Observer Design
The NN approximates a general nonlinear function as [25] where W is the ideal (target) weight matrix, ϕ is the activation function, and ε is the functional reconstruction error. NN (10) estimates the unknown states of (5) as
Since ideal weights, reconstruction error, and subsystem states are not available, only estimations of the NN weights and subsystem states are used in the observer
In (11), 1) ), respectively. Since the subsystems' NN target weight matrices are unknown, an update law is defined to obtain observer NN weights (starting with an initial estimation) aŝ
12) where 0 < α 1,i < 1 and l 1,i < 1 are user defined positive constants andξ i =ξ i − ξ i is the state estimation error.
Next, the decentralized controller is developed.
B. Controller Design
In this section, a controller is introduced to stabilize system (2) [and (5)] by employing the estimated states in observer (11) . Since (2) [and (5)] has unknown dynamics, another NN is employed to approximate them.
By using (7), the tracking error dynamics can be written as 
with K i g i (x i (k)) < 1 in order to achieve asymptotically stable dynamics for the tracking error in the absence of the interconnection term i ; thus, ideal stabilizing control input for system (2) can be defined as
where K i is a positive design constant. However, in practice the internal dynamics f i (x i (k)) and control gain g i (x i (k)) are unknown and u d,i is not available. Thus, the NN function approximation property is employed to approximate u d,i as
where W 2,i is the target NN weight matrix,
and ε 2,i (·) is the function approximation error for all 1 ≤ i ≤ n. Since W 2,i , ε 2,i , and the full subsystem state vector ξ i (k) are not available, u d,i is calculated using approximate NN weights together with the estimated subsystem states via nonlinear observer (11) ; that is
whereŴ 2,i is the NN weight estimation matrix and
Similar to the previous case, the hidden layer weight matrix V 2,i is chosen initially at random and kept constant. Since NN weights are to be estimated, define the controller NN weight update law aŝ where 0 < α 2,i < 1 and l 2,i < 1 are user defined positive constants. For simplicity,
. The stability of the nonlinear discrete-time interconnected system (3) is proven and given in the Appendix. The tracking errors z i (k), the state estimations errorsξ i (k), and NN weight estimation errorsW i1 (k) andW i2 (k) of the individual subsystems are stable and bounded in the presence of unknown dynamics f i (x i (k)), control gain matrix g i (x i (k)), and interconnection terms i (ξ ) for 1 ≤ i ≤ n (see the Appendix.)
VI. SIMULATION RESULTS
In order to demonstrate the effectiveness of the proposed decentralized output-feedback controller, a topology similar to the IEEE 14-bus 5-generator system is selected and dc sources are employed in the grid creating a dc network, as shown in Fig. 4 . MATLAB/Simulink environment is employed to conduct simulations. The small-scale dc grid comprises five PV sources that are connected to the 200-V dc network through DDCs with the specifications given in Table I . The total load in the grid is 24 kW, of which 42% is CPL. The goal is to stabilize all DDC output voltages (of DERs and CPLS) despite grid disturbances. The simulations are performed in several scenarios in order to demonstrate the effectiveness and robustness of the proposed controller and evaluate its transient response. In all cases the PV system operates in a voltage higher than the maximum power point voltage (v in > V mpp ,) and thus, an increase in the DDC input power p in necessitates a reduction in PV voltage v in .
The proposed output-feedback controller (14) is implemented in all the DERs as well as all the CPLs through zeroorder holds. The NN approximation error can be made small by increasing the number of hidden layer neurons. However, in order to provide computational efficiency NN hidden-layer neurons are limited to 10 in this paper for all controllers.
Case 1: A disturbance occurs at bus 6 at t = 0.9 s as a result of a load change from 3 to 5 kW causing a sudden increase in the grid power consumption through decreasing the CPL resistance at bus 6. Fig. 5 shows the CPL voltage and power responses to the load change where it is observed that after initial transients, the power ramps up quickly to the target value causing another voltage overshoot to stop further power increase. Selected solar voltages and powers are also depicted in Fig. 7 . These variables undergo transient changes and are finally stabilized as predicted. The decentralized controllers adjust the solar powers while controlling the solar voltages (Fig. 7) to stabilize the DDC output voltages by using only limited local measurements. All the results are given in comparison with a droop control method [31] that uses precisely parameterized PI controllers to adjust the voltage at 200 V.
Case 2: In this case, the solar arrays connected to bus 3 undergo a 70% drop in the power production at t = 1 s for 0.1 s. A moving object passes over the PV panels and thus some of the parallel arrays are disconnected. Fig. 8 shows that the output voltage of the DDC on bus 3 is maintained stable in the presence of intermittent solar power. The proposed controllers adjust the generated power in all DDCs when the obstacle blocks the arrays and when it is removed. That is, other solar panels compensate for the lost power.
Case 3: In this case, the solar arrays connected to bus 3 are suddenly disconnected from the grid at t = 0.9 s for 0.2 s. Fig. 9 shows the output and input voltages of the DDC on bus 3 as well as its delivered power. The remaining controllers adjust the generated power in all other DDCs when one of the DGs is shut down so that the grid can feed the loads as desired.
Case 4: The robustness of the controller is tested under a low impedance ground fault of R fault = 1 . The fault is applied on bus 10 at t = 0.9 s and removed at t = 1 s. The results are depicted in Fig. 10 and show that after significant distortion due to the resonance induced by the fault, satisfactory damping performance of the DDCs voltages and powers is attained by the controllers. In this case, the PI controllers in droop method fail to restore the voltage of the grid after occurrence of the fault.
Case 5: In this scenario, load P L ,13 disconnects from the grid at t = 0.9 s and reconnects at t = 1 s. According to Fig. 11 , in contrast with the proposed controller, the droopbased method that uses well-parameterized PI controllers has significant voltage fluctuations in both steady-state and transient conditions despite using current and voltage.
Case 6: Fig. 12 compares the proposed controller with droop-based method of [31] in another scenario where there is a sinusoidal measurement noise with a frequency of 1 kHz and a peak-peak voltage of 2 V in all the output voltage measurements. Better noise rejection over the droop-based method is observed using the proposed controller.
Case 7: In this scenario, the loads are increased so that output power of all the DGs approach to their maximum power. Fig. 13 shows the desired performance of the DDCs when only a small error margin between generation and consumption can be tolerated, in the presence of the CPLs in the grid. The total load in the grid is 40 kW, which is 95% of the total available energy.
Overall, the proposed adaptive NN decentralized controller performs satisfactorily in stabilizing the interconnected dc grid under various conditions and outperform the conventional droop-based methods that use PI controllers.
VII. CONCLUSION
In this paper, a decentralized discrete-time model of the interconnected dc grid is proposed and the grid is stabilized through a decentralized adaptive output-feedback NN controller. The dc distribution system comprises resistive and CPLs as well as multiple PV sources connected to the grid via DDCs. The proposed decentralized output-feedback controller is capable of satisfactorily mitigating voltage and power oscillations caused by disturbances while the converter and interconnection dynamics are unknown. NNs with online learning are utilized to approximate unknown nonlinear functions in the grid's dynamics.
APPENDIX
Stability proof of discrete-time decentralized controller: let desired trajectory ξ md,i (for all 1 ≤ i ≤ n 1 ) and initial conditions for system (2) be in a compact set . Two derivations are conducted first. By subtracting ideal weights (
Also, by using (14) and adding and subtracting u id , the tracking error dynamic becomes
where K i is the expected error damping coefficient,
By using (2) and (11), the state estimation errorξ i =ξ i − ξ i dynamics can be obtained by as
where
. By using (A2), the first difference of the Lyapunov function due to the first term becomes
By replacing the interconnection term i (ξ ) using (9) in Assumption 2, Cauchy-Schwartz inequality [32] (a 1 + a 2 + · · · + a n ) 2 ≤ n(a 2 1 + a 2 2 + · · · + a 2 n ), and the fact that 
where (Y i (k) . Note that ε i1 (·) ≤ ε i1 max and ε i2 (·) ≤ ε i2 max . By Cauchy-Schwartz inequality, and substituting the interconnection terms one has
. From (A1), the first difference of the Lyapunov function due to the third term is
which through Cauchy-Schwartz inequality becomes
Similarly, by using (A3) and Cauchy-Schwartz inequality the first difference of the Lyapunov function due to the fourth term is given by The overall first difference of the Lyapunov function is 
